Aims-To characterize drug prevalence among fatally injured drivers, identify significant associations (i.e., day of week, time of day, age, gender), and compare findings with those for alcohol.
INTRODUCTION
Since the middle of the 20 th century, alcohol consumption has been viewed as the most important behavioral factor for drivers involved in fatal crashes and the primary focus of impaired driving research. In contrast, the contribution of drugs to motor vehicle crashes and related fatalities remains remarkably understudied. Although studies using laboratory and simulator data, arrested and crash-involved drivers, and on-road tests of driving skills [1] [2] [3] [4] [5] suggest a connection between drug use and impaired driving, we have yet to fully characterize how drugs contribute to crash risk.
One challenge to these efforts has been the inherent complexity of the drug-crash risk association [6] [7] [8] [9] . Unlike alcohol, a myriad of drugs can impair driving, each with different pharmacological properties and neurological effects [9] , and impairment may depend on the presence of other drugs and/or comorbidities [5, [10] [11] [12] . The driving task may also play a role in determining risk [13] , and several methodological and technological challenges arise in measuring drug impairment [8, 9] .
Though experimental research informs our knowledge of performance impairment, actual crash risk can only be studied through direct road and traffic studies (e.g., [14] [15] [16] [17] ). Recently, the European Driving under the Influence of Drugs, Alcohol and Medicines (DRUID) project conducted a case-control study of injured drivers from medical facilities and road surveys. The study found an increased risk of injury and death among drivers testing positive for drugs, but the magnitude of the risk increase differed across substances, ranging from "slight" (cannabinols) to "high" (amphetamines, multiple drugs) to "extreme" (alcohol and drugs combined) [18, 19] . Other studies have found that the association between drug use and crashes depends on the traffic infraction (e.g., speeding, red-light running, inattention) [20] . These findings provide more evidence of the complex nature of the drug-crash risk association.
This complexity makes it difficult to enact and enforce sensible and effective regulations governing driving under the influence of drugs (DUID). Driving under the influence of alcohol is governed by a legal framework established several decades ago, which uses blood alcohol concentration (BAC) above a certain level (usually > .08) as legal evidence of impaired driving. Concerns about DUID have motivated the promotion of state laws to reduce drug-related crashes using a similar legal framework [21, 22] , and at least 17 states have passed drug per se laws, under which testing positive for a specified substance constitutes legal evidence of impaired driving. However, these state laws differ greatly regarding the drugs they cover (e.g., some exclude cannabis and/or its metabolites, others differ in what does constitute a drug (e.g., which metabolites count as drugs), exclude drugs prescribed by a physician, or even the drivers' age (e.g., North Carolina and South Dakota have per se laws applicable only to drivers under age 21). [23, 24] Whether these laws are appropriately designed to account for the aforementioned complexity of the drug-crash relationship is a subject of debate [25] .
More straightforward is the increased burden of enforcing DUID laws in the field. Drug testing generally requires collecting blood or urine, a more complex and expensive undertaking than alcohol breath testing. Accordingly, law enforcement officers largely test for DUID only when a driver with suspected impairment has a BAC<.08. Current U.S. drug per se laws have therefore been implemented more as a mechanism to support the prosecution of impaired drivers with BAC<.08 than as an enforcement tool [23] . Finding ways to increase the efficiency of the drug testing process could increase both the efficiency and affordability of well-designed DUID laws.
One possibility for increasing the efficiency of DUID assessment and enforcement is to elucidate further the demographic and temporal characteristics associated with drug use among impaired drivers. These relationships have been elucidated for alcohol and a comprehensive set of policies and programs targeting drivers most at risk of drinking and driving have been developed. No comparable level of understanding exists for drugs. A further understanding of DUID patterns (e.g., by day of the week, hour of the day) could facilitate better-targeted DUID countermeasures and lead to more efficient testing to identify drug-impaired drivers.
The overall goal of this study is to examine the presence of drugs among fatally injured drivers and its association with day of the week, time of day, age, and gender. Because the factors in alcohol-related crashes have been extensively studied and are relatively well understood, our examination of the patterns of DUID is made relative to that for drinking and driving. Specifically, we sought to identify and compare patterns of alcohol-and drugrelated fatal crashes by (a) examining the prevalence of drug-and alcohol-related fatal crashes across drivers' gender, age, day of the week, and time of the day; and (b) investigating associations between these factors and fatal crashes involving drugs.
METHODS
We analyzed data from the Fatality Analysis Reporting System (FARS), a census of all crashes on U.S. public roads that result in a death within 30 days. FARS contains an estimate of the BAC of every driver involved in a fatal crash, consisting of either an actual BAC measurement or an imputed value based on other factors in the crash [26] . Drug information is more limited, but 20 states have provided drug-testing results for at least 80% of their fatally injured drivers.
Case selection
We used FARS data from 1998-2010. We limited our sample to fatally injured drivers (surviving drivers are rarely tested for drugs) in single-vehicle crashes (in which the driver was probably responsible for the crash). This strategy relies on a subset of states and drivers with the characteristics of interest (i.e., drug use, crash responsibility) and is typical of many studies using the FARS data [27] [28] [29] . To ensure proper identification of crash responsibility, we also excluded drivers who (a) presented a condition signaling them as mentally challenged; (b) were involved in a police chase; (c) were driving buses, snowmobiles, construction or farm equipment; or (d) were parked or in the process of parking a vehicle.
A further screening criterion involved the time that elapsed between the crash and the collection of a biological sample (usually blood). Different drugs metabolize at different rates, making elapsed time relevant to this study. Further, drivers who survive the crash are usually taken to a medical facility, where the medicines they receive may be included on post-mortem drug testing results. To explore the potential effect of survival time on drugpositive test results, we calculated the prevalence of drug-positive results across incremental periods of survival among the drivers in our sample. Table 1 shows that the prevalence of cannabinols and stimulants among drivers who died at the scene of the crash was significantly higher (p<.01) than for those who died later, and the prevalence of narcotics (p<.05) and depressants (p<.05) was lower among those who died at the scene than at any other time. The former may be attributed to metabolism of precrash administered cannabinols and stimulants; the latter may reflect postcrash medical treatment. To represent accurately the drug prevalence at the time of the crash, we also limited our study to drivers who died at the scene of the crash. Figure 1 is a detailed flowchart of the case-selection process. . We collapsed codes with small sample sizes (i.e., hallucinogens, phencyclidine/PCP, anabolic steroids, and inhalants) and drugs of an unknown type into the "996-Other Drugs" class. Drivers who tested positive for drugs in more than one class were categorized as "multidrug" users. The resulting drug categories are therefore mutually exclusive.
Alcohol-The presence of alcohol was established using (a) the actual BAC as reported in FARS, and (b) for missing values (n=78, or 0.5% of our sample), the BAC values imputed by FARS using a multiple imputation technique [26] . We examined three BAC levels: BAC=.00, 0<BAC<.08, and BAC≥.08.
Analyses
Drug and alcohol prevalence by demographics and time-We graphed the hourly prevalence of alcohol and drugs among fatally injured drivers on weekdays and weekends. To test for differences in the curves, we applied regression methods (SAS PROC GLM) to model prevalence by hour and test differences between drug-and alcohol-positive patterns. Quadratic and cubic terms were included to capture the curvilinear nature of the graphs. Linear, quadratic, and cubic time terms (hour) were used to capture the time-changing shape of the prevalence curves. Based on this model, we calculated hourly prevalence and the corresponding 95% confidence intervals (CIs), with nonoverlapping CIs indicative of statistically significant differences across groups.
Associations between drug-positive driving and demographics, time, and alcohol-We applied a mixed-effect logistic regression to model the associations between drug-positive drivers and selected exposure variables. To account for state-based variations such as differences in drug testing protocols and/or traffic enforcement, a two-level model was formulated with state at level 2 (random effect) and the drivers' demographics, BACs, and the times of the crashes at level 1 (fixed effects). In all cases, a 0,1 dependent variable was used, with a value of "1" denoting the presence of the drug of interest and "0" denoting a negative test result. We applied the SAS PROC GLIMMIX to represent the two-level model with "state" as a random effect, and PROC MIANALYZE to capture the multiple imputation technique applied to the BAC measure in the FARS database. For each of the six drug classes we ran two regressions: one excluding alcohol as an explanatory variable and one with a variable measuring alcohol at BAC ≥ .08, 0<BAC<.08, and BAC=.00 (the reference level).
RESULTS

Drug prevalence
Overall, 25.9% (N=4,392) of fatally injured drivers tested positive for drugs and 45.1% (N=7,642) for alcohol. Stimulants (7.2%) and cannabinols (7.1%) were the most common drug classes, with significantly higher prevalence than narcotics (2.1%), depressants (1.5%), other drugs (4.1%), and multidrugs (4.1%). Drug classes most commonly found among multidrug users were stimulants (57.3%), cannabinols (53.6%), narcotics (48.2%), and depressants (45.5%). Either a cannabinol or a stimulant was present in about 80% of all multidrug users. Figure 2 shows that alcohol-positive crashes occurred largely at night, on both weekdays or weekends, and that more than 60% of fatal crashes occurring between 10 PM and 3 AM had an alcohol-positive driver (BAC>.00). The percentage of alcohol-positive drivers was particularly high (>80%) on weekends between midnight and 4 AM. In contrast, drugpositive crashes were more evenly distributed throughout the day, with prevalence ranging from 20 to 35%. Although not shown, the confidence intervals for the curves in Figure 2 confirmed that the hourly patterns of alcohol and drugs differ significantly (p<.01). Table 3 shows the prevalence of drugs and alcohol by demographics and time. A total of 45.1% of drivers had a positive BAC, which can be disaggregated as 5.2% of drivers at . 00<BAC<.08 and 39.9% at BAC≥.08. In other words, about 90% of the BAC-positive drivers were at BAC≥.08. About 26% of drivers were drug-positive, which was significantly lower than the prevalence of BAC-positive drivers.
Hourly distribution of drug-and alcohol-positive fatally injured drivers
Prevalence of drugs and alcohol by demographics and time
Gender
Fatally injured male drivers were significantly more likely than females to be alcoholpositive; however, there was no statistically significant gender difference in overall drug prevalence. There were significant gender differences by drug class; specifically, the prevalence of cannabinols was higher among males whereas females were more likely to test positive for depressants, narcotics, and other drugs.
Age
Drivers aged 21-34 were significantly more likely to be alcohol-positive and to have BAC≥. 08 than drivers of other age groups. The highest overall drug prevalence was among those aged 35-64 (27.7%). The highest prevalence of cannabinols, stimulants, and multiple drugs were among drivers aged 16-20 (11.5%), 21-34 (9.2%), and 35-64 (4.7%), respectively. In contrast, the highest prevalence of narcotics/depressants was among drivers 35-64 (3.0%/ 2.4%) and ≥65 (3.3%/1.9%). "Other drugs" prevalence was highest among drivers aged >65 (7.0%). Thus, the prevalence of drugs in fatally injured drivers showed age-related patterns that varied significantly by drug type. Table 3 shows that alcohol prevalence was significantly higher on weekends than on weekdays but there was no difference for drugs or drug class. Similarly, alcohol prevalence was significantly higher at nighttime than at daytime but there was no overall difference for drugs. Differences by time of day, however, were found for individual drug classes; the prevalence of cannabinols and stimulants was significantly higher at nighttime, whereas depressants, narcotics, and other drugs were significantly higher in daytime crashes. No difference was found for multidrug users.
Day of week and time of day
Associations between drug-positive driving and demographics, time, and alcohol Table 4 shows the adjusted odds ratios for fixed effects obtained from the 12 logistic regressions modeling the associations between gender, age, day and time, and alcohol for the six drug classes. Not shown in Table 4 is the solution for the random variable (state), which was statistically significant in each of the models considered (p<.0001).
When alcohol was excluded from the models, the age groups with the highest odds of testing positive for drugs were aged 16-20 for cannabinols, aged 21-34 for stimulants, aged 35 and older for depressants, narcotics, and "other drugs," while multidrug use varied across age categories. Female drivers had significantly higher odds of testing positive for depressants, narcotics, and "other drugs," whereas males had higher odds of testing positive for cannabinols and stimulants. No significant gender differences were detected for multidrug use.
Weekday or weekend driving was not significantly associated with any of the drug classes under study. However, fatal crashes involving depressants, narcotics, other drugs, and multiple drugs had significantly higher odds of occurring during the daytime; conversely, crashes involving cannabinols and stimulants were more likely to occur at nighttime. These findings are consistent with those shown in Table 3 , which were not adjusted by gender or age. The varying presence of stimulants and depressants by time of day (Table 3) seems to be largely explained by differences in gender and age, with men (particularly young men) being more likely to test positive for stimulants in nighttime crashes and women (particularly aged ≥35) being more likely to test positive for depressants in daytime crashes.
The lower half of Table 4 examines the effect of adding BAC as a covariate. Overall, adding alcohol as a covariate did not alter the odds ratios for gender, age, or day of the week. The sole exception occurs with depressants, for the odds for drivers aged 16-20 no longer differs statistically than that for drivers aged 21-34. The addiction of alcohol however, reveals two interesting peculiarities. First, except for narcotics, adding alcohol to the model made all the remaining daytime versus nighttime comparisons no longer significant. Second, except for cannabinols, alcohol was not significantly associated with any other drug classes. Alcohol, however, was significantly associated with cannabinols regardless of driver BAC level.
DISCUSSION
This study explored demographic, time-related, and alcohol-related patterns of drug-positive driving among fatally injured U.S. drivers. Overall, we found the prevalence of alcohol was significantly higher than drugs during nighttime hours, regardless of the day of the week. This suggests that concerns about DUID should complement, but not supplant, the current law enforcement focus on alcohol-impaired driving at night. Drug prevalence in our sample was substantially higher than among noncrashed drivers in the 2007 NRS, both at daytime (25.5% vs. 11.2%) and at nighttime (26.5% vs. 14.4%), and for each comparable drug class. [30] This finding and the findings from DRUID [18, 19] and the FARS [20] suggest that drugs may contribute to crash risk, although the cross-sectional nature of our study does not allow us to draw conclusions about causation.
This study also supports the assertion that drug-impaired driving differs from alcoholimpaired driving, as the hourly patterns of crash-related fatalities involving drugs differed significantly from those involving alcohol. Further, drug prevalence differed significantly by drug type: cannabinols and stimulants were higher in nighttime fatal crashes, and narcotics or depressants were higher in daytime crashes. We also found differences in drug prevalence by gender and age, with cannabinols largely found among fatally injured underage male drivers and stimulants most common among fatally injured drivers aged 21-34 of both genders. These and related findings by Romano and Voas [20] that individual drug classes are associated with different types of traffic violations (e.g., red-light running, speeding, inattention) in fatal crashes suggest that criteria for developing effective laws and enforcement strategies to reduce DUID may need to be significantly different than those currently applied to alcohol.
Except for cannabinols, alcohol was not associated with the presence of other drugs. The association between alcohol and cannabinols may suggest that drivers tend to consume both drugs simultaneously or that alcohol and marijuana have a synergistic impairment effect leading to fatal crashes. Unfortunately, FARS does not allow for testing of these speculations. Thus, the results of this effort suggest a need to pay close attention to drivers' attitudes toward risk and patterns of behaviors and to the contribution of alcohol and cannabinols to crash risk.
Our findings may also provide a foundation for exploring targeted drug testing of impaired drivers. For example, a daytime female driver older than 65 who appears impaired but records a BAC<.08 might be tested for narcotics, which is more likely to yield a positive result than cannabinols. Narrowing down the tests required to identify the drug causing driver impairment could be valuable to law enforcement agencies operating on limited budgets. However, our study only justifies targeted testing as an area for further study as our data were limited to fatally injured drivers who died at the scene of single-vehicle crashes and not the entire driving population. More research on the key components of the DUID problem is needed before targeted drug testing can become a feasible policy. Of primary importance is characterizing the actual contribution of drugs to impairment and crashes, both alone and combined with alcohol.
This study focuses only on fatal crashes that, though of great importance, are not the most common injury observed in motor vehicle crashes. We might find different prevalence and associations in studying nonfatal crashes. Our study is also cross-sectional and thus cannot establish causation; the associations elucidated herein should not be considered measures of crash risk. Another limitation is that the FARS data is incomplete, and our study is limited to the 20 states that provided test results for at least 80% of fatally injured drivers. Lack of standardization for drug screening across states (and even within some states) could have introduced bias into our prevalence estimates. Different states test for different drugs (e.g., some states do not routinely test for marijuana) and rely on different labs with different testing protocols. We attempted to address these differences by including state as a random effect in our mixed models, and the statistical significance of the state variable speaks about the wisdom of our analytical strategy. It also speaks to the need for policy makers to develop standardized, nationwide procedures for measuring drug involvement among drivers.
Finally, our study findings represent only the presence or absence of drugs in a subset of fatally injured drivers and should not be interpreted as evidence of impairment. The wide variety of potentially impairing drugs, their differential pharmacology, and varying levels of individual tolerance make establishing impairment standards for drugs similar to the BAC>0.08 standard for alcohol extremely difficult. For this reason, only three states with drug per se laws (Nevada, Ohio, and Virginia) set cutoff levels for certain drugs [23] , and the relationship of these cutoff levels to driver impairment is controversial. Unless uniform impairment standards are established for drugs, the presence of drugs remains the best indicator of possible, but not certain, driver impairment. Source: 1998-2010 FARS database, downloaded on August 2012. Drivers fatally injured at the scene of the crash. Single-vehicle crashes in states that had drug-test results for at least 80% of drivers. Weekday crashes include crashes that occurred between Sunday at 6:00 PM and Friday at 5:59 PM. Weekend crashes include those that took place between Friday at 6:00 PM and Sunday at 5:59 PM. The four curves in the graph were estimated separately, yielding R2 of .89, .81, .23, and .23; for alcohol weekdays, alcohol weekends, drug weekdays, and drug weekends, respectively. Table 1 Drug use prevalence among fatally injured drivers by time elapsed between crash and driver's death Multidrug denotes drivers positive for drugs in more than one class. * and ** refer to the significance (1% and 5%, respectively) of the comparison between the proportion of deaths at the scene and that of deaths at any other time afterwards (e.g., the % of cannabinols among deaths at the scene was significantly higher (p<.01) than the proportion of deaths that occurred afterwards). Table 2 Number of fatally injured drivers who died at the scene of single-vehicle crashes, by state and year Source: 1998-2010 FARS database, downloaded on August 2012. Includes only states and years in which at least 80% of the fatally injured drivers in single-vehicle crashes had a known drug-test result and died at the scene of the crash. Odds ratios (ORs) were estimated separately for the different drug classes. Models were run separately for each drug class (i.e., the dependent variable on each model), as well as without including alcohol as an explanatory variable (Model 1, top half) and with alcohol positive (Model 2, lower half). "Weekday" is defined as Sunday at 6:00 PM through Friday at 5:59 PM, and "weekend" is from Friday 6:00 PM through Sunday at 5:59 PM. "Daytime" covers crashes between 6:00 AM and 5:59 PM. "Nighttime" covers crashes at hours other than those considered as "Daytime." AOR = adjusted odds ratio. L95%=lower bound of 95% confidence interval. U95%=upper bound of 95% confidence interval.
